The b-value of the Gutenberg-Richter frequency-magnitude relationship is an indicator of rock failure processes. Near-real-time analysis of the b-value has the potential to mitigate the risk posed by rockbursts, for example, by adjusting the geometry, sequence and rate of mining; or evaluating the re-entry time following a large seismic event. There are two main approaches to selecting a data set for b-value analysis: (i) select seismic events that fall within polygons or polyhedra associated with particular working places or seismic sources (e.g. a development end, stope or fault); or (ii) select seismic events that occur in the vicinity of each node of a 2D or 3D mesh that covers the entire region of interest.
INTRODUCTION
The statistical distribution of earthquake size and frequency follows a power law, known as the Gutenberg-Richter Relationship, Gutenberg and Richter (1944) and Ishimoto and Iida (1939) Log N= a -bM [1] where N is the number of earthquakes  magnitude M; a is the logarithm of the number of events with M0 and hence an indicator of the seismic activity; and b describes the slope of the generally linear relationship between log N and M. The b-value for data sets that cover large areas and extended time spans is close to 1. However, significant variations in time and space have been observed for smaller areas and shorter times. If the b-value is low, then the frequency of larger earthquakes is higher than usual and vice versa.
The b-value has been analysed in numerous studies. Scholz (1968) analysed microseismicity in laboratory experiments and found that the b-value decreased with an increase in applied uniaxial or triaxial stress. Similar results were found in the field. For example, Enesco and Ito (2001) analysed the temporal changes in b-value before the 1995 Kobe earthquake and found an anomalous decrease of the b-value about 1 year before the event. Nuannin et al (2005a) found a similar trend prior to the 2004 Sumatra earthquake. However, these findings are not universal. Other studies suggest that the b-value is more or less stationary in an area, See Abercrombie and Brune (1994) . Thus, a change in the b-value is not a reliable predictor of earthquakes.
The b-value distribution has also been analysed in mines. Urbancic et al (1992) found a correlation between low b-values and high stress, while Nuannin et al (2005b) showed that drops in the b-value are associated with an increased rate of larger tremors. It is common practice to assess the seismic hazard in mines by monitoring the seismicity using a local network of seismometers. See Kijko and Funk (1994) and Durrheim (2017) . Hudyma and Potvin (2004) developed a seismic hazard scale specifically for underground hard rock mines, and the b-value analysis can play an important role in this seismic hazard assessment. More recently, a Japanese-South African collaborative research project , carried out high-sensitivity monitoring of seismicity produced during the extraction of a shaft pillar in a deep Witwatersrand gold mine, and, among many others topics, studied the b-value . This will be discussed in more detail in the Results section of this paper.
METHODS

Determining the b-value
The value of b in equation [1] may be determined by linear regression, (See Gutenberg and Richter (1944) ; Abercrombie and Brune (1994) and Nuannin et al (2005a) ), or by the maximum likelihood method
where Mav is the average magnitude and Mmin is the smallest magnitude event of the catalogue. This method was first suggested by Utsu (1965) . Aki (1965) added confidence intervals to the b-value. Bender (1983) extended the equation to account for the limited accuracy of magnitude estimates (usually ±0.1), which can introduce rounding errors in the b-value computation.
where bin is the width of the magnitude bins used to sort the earthquake catalogue. The maximum likelihood method is more accurate than a linear regression, as errors in the magnitude calculation are considered equally, irrespective of the seismic event's magnitude. This is not the case for the linear regression method, because errors of the large magnitude events contribute more than errors prevalent in small magnitude events.
Determining the magnitude of completeness (Mc)
The magnitude of completeness (Mc) is the smallest magnitude event for which all of the events in a spatially and temporally limited volume are recorded. Below Mc, a fraction of events are not detected by the installed seismometers. The missed events could be too small to be recorded or located accurately by the particular seismic monitoring system, or they could occur in an aftershock sequence and be hidden within the coda of larger events, see Woessner and Wiemer (2005) . It is also conceivable that the automatic picking algorithm used by a particular seismic system failed to detect such a small event.
An earthquake catalogue is heterogeneous and highly complex. Habermann and Creamer (1994) show that most of the observed changes in catalogue seismicity are related to a change in the reporting system (i.e., mine seismometer network configuration, failure of seismometer stations), while the implementation of new software algorithms can lead to different magnitudes of completeness, which in turn affects the seismicity rates and the b-value. Oftentimes, such man-made changes can be identified by careful examination of the seismicity rates, Habermann (1987) and Morkel and Wesseloo (2017) .
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There are several different methods to determine Mc. The first category assumes self-similarity, which implies a power law distribution of the events, as suggested by Gutenberg and Richter. The second category uses the difference in detection thresholds at different times. For example, on a mine where there are different levels of activity at different times of the daily or weekly mining cycle, the ratio of earthquake frequencies may be used to determine Mc, Rydelek and Sacks (1989) . Comparing different time windows (such as blasting time, night and day shifts and weekends) is somewhat inconvenient, as the events would first have to be sorted by time of day before Mc could be determined. This would be computationally intensive, if performed for many grid points. Thus, the maximum curvature method, which computes the first derivative of the frequency-magnitude curve, was used. It is the simplest and fastest Mc calculation method, Wiener and Wyss (2000) . It has been shown that the peak in the first derivative matches the magnitude bin with the highest number of non-cumulative events but often underestimates Mc, Woessner and Wiemer (2005) . To counteract this underestimation, Woessner and Wiemer (2005) , propose adding a constant value to the Mc and spot check the results. We added a value of 0.1 to the Mc determined by the maximum likelihood method.
Implementation of MATLAB code Bplot
The MATLAB code Bplot was written by Von Ketelhodt (2014) and further developed by Ligaraba (2018) . The major computational steps are: 1. Creation of a 3D grid to cover the data space. In the examples presented here, we have used 20x20x20=8000 nodes. 2. Calculation of the b-value at each node. A function is called to determine the number of events that are within a given radius of the node, termed the search radius. If the number of events within the search radius is bigger than the chosen minimum number of events, then Mc is determined and the b-value is calculated using the maximum likelihood method. Challenges include the inevitable trade-offs between statistical stability and space-time resolution, and overlapping clusters of seismic events arising from different sources (See Figure 1) .
The search radius determines the distance from each grid point for which events are included in the bvalue calculation. The benefit of a decrease in the search radius is an increase in the spatial accuracy and resolution of the b-value analysis, while the benefit of an increase in the search radius is an increase in the number of events that can be used to calculate the b-value, and hence the statistical robustness. Secondly, the user can choose the minimum number of events that have to occur within the search radius of every grid point for the b-value calculation to be valid. Woessner and Wiemer (2005) recommend that the sample size should be more than 200 events. Wesseloo (2014) has shown that if too few events occur within a distance of a grid point, then the b-value calculation is no longer robust. Other important factors are the spatial and statistical distribution of events within the search radius (Wesseloo, 2014) . For example, if all events occur on one side of the search radius, or if the events are not dense enough around the grid point, then the b-value calculation might not be representative of that grid point (Figure 1 ). We conducted a series of numerical simulations to investigate these issues.
This implementation of Bplot is simplistic. We plan to develop the code to dynamically vary the node spacing, search radius and time window so as to optimize spatial and temporal resolution, statistical stability, and diagnostic ability. To do this we need to take the following factors into account: the accuracy in hypocenter location, which depends on the configuration of the sensor array; the activity rate, which is roughly proportional to the rate of mining, but also depends on the time of the blast, failure mechanisms, mining method and regional support systems; and variations in source parameters that affect hazard other than magnitude, such as moment, energy and stress drop.
Figure 1. Events (dots) within a search radius of a grid point (crosses). The left grid point has too few events within the search radius, the middle grid point has adequate number of events and the right grid point has an adequate number of grid points in the search radius, but the density of the events is not high enough close to the grid point, after Wesseloo (2014)
RESULTS
Numerical simulations
Bplot was used to conduct numerical simulations to investigate strategies that may be used to improve the resolution and reliability of b-value analysis. We created overlapping ellipsoidal clusters of seismic events of increasing complexity (See Figure 2) . Various sources of mining seismicity can be simulated by changing the length of the ellipsoid axes. For example, a 3D spherical cluster might represent instability in a pillar; a 2D disc the instability on a fault or dyke induced by the approach of a tunnel or stope; and a 1D pencil the instability ahead of the face of a deep, narrow tabular stope. The b-value may be related to the stress regime or dimensionality of the source, See Legge and Spottiswoode (1987) ; Scholz (20150 and Wu et al (2018) . For example, a 1-D source may yield a b-value of 0.5, while a 3D source may yield a b-value of 1.5.
Figure 2. Generation of synthetic clusters with different shapes and a-and b-values. The focus of each event is plotted. Colours are used to distinguish events belonging to different clusters. (a) Two separated spherical clusters, the blue and red clusters have b-values of 0.5 and 1, respectively; (b) and (c) overlapping spherical and disc clusters; (d) overlapping spherical, disc and pencil clusters
Each synthetic cluster is characterised by a unique set of parameters: the Gutenberg-Richter a-and bvalues, and the spatial and temporal distribution of the seismicity. For example, we can model the seismicity following a large event by distributing the aftershocks within a spherical cluster that is centered on the main shock but with the aftershock hypocenter density decreasing according to a Gaussian function and the rate decreasing according to the Modified Omori law. Unsurprisingly, we found that the b-value determined at a particular node is determined by the population of events within its search radius, and that some nodes will sample data events from more than one cluster, yielding a mixed b-value (See Figure 3 ). An obvious first step is to determine the 'goodness of fit' of the slope of the b-value line, and reject values with large uncertainties. The next phase of the project will be to develop machine-learning tools that will attempt to differentiate the clusters and determine their characteristics. to identify and map seismic sources and monitor localized damage accumulation and evolution. An array comprising six accelerometers and 28 acoustic emission (AE) sensors were installed 1 km below surface, spanning a volume approximately 100 m in diameter. provide a detailed account of recording, processing and interpretation procedures. The average spacing of the sensors, grouted in boreholes, was about 15 m. The sampling rate on all channels was 500 kHz. Events were located with decimeter accuracy using double-difference and 'collapsing' methods. Many events with a useable signal-to-noise ratio up to 50 kHz were recorded and AEs with magnitudes as small as MW-5.3 were detected. A catalogue of ~1.02 million seismic events collected from 10 July 2011 to 25 March 2012 was used to study the frequency-magnitude distribution of acoustic emissions, , the formation of damage structures ahead of the mining front, Moriya et al (2015) , the unexpectedly frequent occurrence of very small repeating earthquakes, Naoi et al (2016) , quasi-static growth of a slip-patch on a pre-existing fault and the properties of the rupture zone revealed by repeating events, Yamaguchi et al (2018) . found that a Gutenberg-Richter law with b  1.2 was valid between MW -3.7 and 0 for acoustic emissions around the mining front, where MW is the moment magnitude.
We used a subset of approximately 450 000 events recorded from July 2011 to October 2011 (See Figure  4) to test Bplot and map the spatial and temporal variation of b-values in detail. The search radius was kept as small as possible (15 m for the entire catalogue and 7 m for sub-sets) without compromising the accuracy of a calculated b-value. The minimum number of events was specified as 500 to minimize errors in the b-value calculation; if a larger value had been used, the number of valid b-value calculations would have been smaller and results would have been less conclusive. The statistical analysis of the events in the Cooke 4 shaft pillar revealed changes in the frequencymagnitude distribution that correlate with the position of the grid node relative to the mining stope (See Figure 5 ). The spatial b-value calculation showed slightly different results for the two data subsets. In the case of Face 1, the b-value was observed to increase near the October 2011 face position, while the bvalue was more or less constant over the remainder of the mining area. Relatively stable b-values were observed in the Face 2 dataset. The region of higher b-values is attributed to large numbers of very small earthquakes occurring in intact rock triggered by the stress peak ahead of the mining stope. The remainder of the data set has a lower b-value because of an increase in the number of larger events owing to the growth and coalescence of the fractures. 
DISCUSSION AND CONCLUSIONS
Near-real-time analysis of variations in seismicity parameters could potentially lead to advances in the detection of instabilities in the rock mass. However, many questions remain: Which parameters are diagnostic? What changes are significant? Here we report on efforts at the University of the Witwatersrand to investigate these phenomena and determine which factors are epistemic (i.e. due to a lack of knowledge and/or data and could be overcome by better monitoring and analysis) and which are aleatoric (i.e., the natural randomness of the process).
The Bplot Matlab code has been developed by BSc Honours (Geophysics) students to gain a deeper understanding of the statistical analysis of mining-induced seismicity, in particular temporal and spatial variations of the b-value. We show that b-value estimates may be contaminated by overlapping clusters arising from different sources. We have tested the code on a high-quality data set collected in the shaft pillar of Cooke 4 mine comprising over 450 000 events -3.7Mw0 that are located with decimetre accuracy. In the next phase of the project we plan to improve the reliability and resolution of our analyses using machine-learning techniques.
